Abstract Changes of morphological parameters of oil shale under thermal conditions are investigated. Analyses are based on 26 micro-computed tomography (micro-CT) images of Green River immature shale rock available under creative commons license. Several image processing and characterization algorithms are applied to sequential high-resolution micro-CT images of oil shale samples undergoing pyrolysis. Pore-scale morphology is extracted and quantified, providing results for pore size, throat size, grain size, specific surface, coordination number, and fracture aperture. The results demonstrate critical increases of porosity, coordination number and fracture aperture in the temperature range from 390 to 400 • C, which translates into step change in the transport properties of the shale after pyrolysis. It is further observed that the coordination spectrum, the pore and throat size distributions, become smoother during the pyrolysis process. Finally, the absolute permeability of the samples is calculated at each step in three principal directions, and it is demonstrated that samples' permeability is more correlated with the pore connectivity rather than the average pore size. The morphological characteristics presented here enable advanced microstructure-informed approaches to pore-scale modeling of transport for optimizing oil production.
vital to meeting the world energy demands (Jacquet 2014) . Shale oil boom in the past few years demonstrated the potential for a cost-effective production. Pyrolysis is the basic step to maturate and extract the kerogen content of shale rocks (Harwood 1977) . Kerogen is a nanoporous organic material with large molecules finely dispersed inside the inorganic porous body (Akkutlu and Fathi 2012) . It is an immature hydrocarbon material that has the potential to be thermally decomposed and converted to lighter components (Pan et al. 2016 ). This pyrolysis process extracts the available hydrocarbon content by increasing the porosity and connectivity, thus enhancing the permeability of the shale rock (Yan et al. 2013) . Considering the short history of economical production of shale oil, more fundamental studies are needed to further our understanding of this resource and improve production practices.
Micro-computed tomography (micro-CT) is a powerful tool to visualize the structure of porous materials and detect phase changes (Raeini et al. 2014; Bin et al. 2013 ). Phase differentiation is based on the principle that higher adsorption of X-ray beams represents denser phase (González-García and Monje 2013). In micro-CT, a set of 2D images is taken from the object in different orientations and the superposition of these images generates a 3D volumetric data with a micron-scale resolution (Willemink et al. 2013a, b) . In the past 5 years, there have been several studies applying micro-CT imaging to quantify shale rock characteristics (Mayo et al. 2015; Bin et al. 2013; Mehrabi et al. 2015; Walls and Sinclair 2011) . Considering the tight and complicated structures of the shale, advanced tomography facilities are required to capture and characterize pore spaces accurately (Curtis et al. 2012) .
Pore-scale imaging via micro-CT and subsequent quantification of the pore space are invaluable to further our understanding of the complex behavior of oil shale during pyrolysis. Zhao et al. (2012) applied the micro-CT on Daqing and Yanan oil shale samples during thermal decomposition of kerogen. Their results showed a dramatic porosity increment in the temperature range from 100 to 200 • C. They reported apparent incremental heterogeneity of the porous space when the temperature exceeded 200 • C. Xue-gui et al. (2016) observed similar changes in the porosity between temperatures of 350 and 500 • C. The difference between the temperature ranges is mainly because of the variation in the kerogen compositions and structures. In addition, they recorded substantial compressive strength reduction of the porous media immediately after the climax of the kerogen decomposition. This observation correlates clearly with the sudden increment of void spaces. Bin et al. (2013) applied nanoscale tomography techniques to measure the pore network characteristic of the sub-micron structures inside the shale rock. They extracted pore and throat size distribution and calculated the permeability of the medium. An important outcome of their work was that despite porosity of around 10%, the permeability was lower than 0.001 millidarcy. They explained this result with the low connectivity between the pore bodies of the shale rocks (Bin et al. 2013) . conducted thermal transient tests for visualization of oil shale deformation during pyrolysis. They recorded 26 micro-CT images with 2 µm voxel resolution, starting at the beginning of kerogen decomposition at 390 • C, and continuing to 500 • C. They observed that the porosity of the Green River oil shale increased significantly just before 400 • C. Initial analysis of these results showed that connectivity of the shale rock was enhanced as isolated pore spaces joined a highly connected network. Considering all these previous observations, the present study focuses on clarifying the evolution of porosity and connectivity by improved quantification of the evolving pore space. Although there have been some previous pore-scale studies of oil shale, none has measured the pore network parameters evolution during the pyrolysis process (Akkutlu and Fathi 2012; Mehrabi et al. 2015; Zhao et al. 2012 ). Our analysis is based on the 3D images published by and provides a complete set of morphological characteristics, including fracture aperture, grain size (radii) distribution, specific surface, and connectivity information. Changes in morphological parameters quantified in this paper can modify the thermal and hydraulic conductivity of the porous media, affecting subsequently the pyrolysis kinetics (Pan et al. 1985) .
Watershed algorithm is selected for extracting the pore network model of the porous media. This algorithm is efficient in automatic detection of the overlapped nuclei structures and can be used for determination of pore, throat and grain distributions (Sheppard et al. 2005; Rabbani et al. 2014b; Wildenschild and Sheppard 2013) . The first application of the watershed algorithm to segmentation of porous media was by Baldwin et al. (1996) . They studied a cylindrical bed of randomly packed spheres and measured successfully the distribution of pore coordination numbers, also called pore coordination spectrum. The algorithm is computationally efficient and presents accurate results when coupled with appropriate distance transform and noise filtering (Rabbani and Ayatollahi 2015; Rabbani et al. 2016) . In watershed approach, usage of City block distance transform and median filtering is suggested for adequate detection of pores and grains (Rabbani and Ayatollahi 2015) .
It is a conventional task to determine the orientation and opening of fractures in rock samples using CT in millimeter scale (Johns et al. 1993) . Fracture aperture, as well as the specific surface of the pore and solid phases, can be calculated by analyzing micro-CT images of rocks (Hughes and Blunt 2001; Rabbani et al. 2014a) . Geet and Swennen (2001) were the first to conduct an analysis of fractures with micro-CT images. They used micro-focused beams to visualize the fractures and measured their apertures via image processing techniques. Although watershed segmentation has been utilized in medical science for feature extraction and classification of the bone fractures (Wei et al. 2009 ), it has not been used yet for a fractured oil shale system. Specific surface is the ratio between the surface area and the volume of an object (Collins 1961; Dullien 1991; McCabe 2005) . In this study, the specific surface is calculated for both the solid and the porous segments of the images. A high specific surface of the porous space results in larger resistance to fluid flow (Rabbani and Jamshidi 2014) . The grain (solid phase) specific surface is a measure of grain shape factor that represents the grain surface roughness (Salem and Chilingarian 1999) .
Methodology

Extraction of Network Statistics
The three-dimensional images presented by are used in this work. These are obtained with the experimental setup of , which consists of an X-ray tube and detector panel connected to an isolated vessel with thermal elements to control the temperature (Fig. 1) . The specimen rotates inside the vessel, which is exposed to the fan beam at every angle. Images have been taken from a cylindrical sample with 1.19 mm radius and 2 mm height . Due to computer memory limitations in our analyses, and minimize any effects from sample preparation, the cylindrical samples have been cropped into two cubic specimens. Figure 2 shows the micro-CT image of the oil shale as well as the location of the selected cubic specimens inside the cylindrical sample. Pre-processing tasks, such as binarization, volume rendering ( Fig. 2a) and quality control are done using ImageJ 1.47. Analyses have been performed on the cubes (Fig. 2b) using MATLAB Image Processing Toolbox 2015b on a desktop computer with Core-i7 3.5 GHz processor and 16 GB of memory. The size of pore bodies and pore throats are obtained by watershed segmentation of the 3D volume data of porous space. Watershed algorithm breaks down the consolidated void body (Fig. 3a) into separate basins, which represent pores (Fig. 3b) . The touching surface between each two pairs of pores is detected as a throat (Rabbani et al. 2014b) . The same procedure is performed to detect the grains by analyzing the solid segment of the medium ( Fig. 3c, d ; Rabbani and Ayatollahi 2015) . It should be clarified that "grain" is used here as a general term for solid aggregates forming the rock. The grains can be composed of several smaller particles packed together tightly. With the image resolution used in this study, clay particles cannot be detected individually and the object refers to as "grain" is an aggregation of the packed clay particles. For the enhanced quality of the results, city-block distance transform and median filtering on the distance map of the binary images have been used (Rabbani et al. 2014b) . When all pores and throats are detected, pore coordination numbers are calculated by making a connectivity matrix, which indexes the connection between each two pairs of pores. The pore coordination number equals the number of throats incident with it. Calculating the coordination numbers of all pores allows for building the pore coordination spectrum, which shows the number or fraction of pores with any given coordination number.
The next morphological parameter presented here is the specific surface. Its calculation from 3D volumetric data is a well-documented process. In particular, the specific surface of the solid portion of the rock is found by dividing the surface areas of the grains by their Fig. 4 Calculation of fracture aperture: a connected pore regions in a 2D section of the oil shale in 400 • C; b connected pore regions with area larger than 500 pixels or 1000 µm 2 ; c connected pore regions with aspect ratio larger than 3-accepted as fractures and marked with random colors volumes. This is done by counting the number of voxels at grain boundaries divided by the number of voxels in grain interiors (Rabbani et al. 2014a) .
The last parameter presented here is fracture aperture. Considering the laminar texture of the oil shale sample of this study (Fig. 3a) , we propose and use the following procedure for aperture measurement: (1) Break down the 3D volume data into 2D sections (Fig. 4a) ; (2) Remove small objects with area less than 500 pixels (Fig. 4b) ; (3) Calculate the major and minor axes of all connected regions; (4) Retain the regions with major axis three times greater than the minor axis (Fig. 4c) . The threshold level of 500 pixels is selected to reduce the computational cost of the process; for this value, no noticeable effect on the results has been observed. The aspect ratio of three is selected to differentiate fractures from pore bodies, which cannot be considered crack-like. Finally, we average the lengths of the minor axes for all fracture-like bodies in all of the sectional images. This averaged value is reported as the fracture aperture of a 3-D sample.
Network Modification and Permeability Calculation
Changes in pore network statistics affect the absolute permeability of the porous medium. Higher permeability of shale rocks facilitates the crude oil extraction during the pyrolysis process. In this study, the absolute permeability of the shale rock sample has been calculated using pore network modeling. With such models, absolute permeability is calculated readily via a solution of a single-phase steady-state flow problem. The process is similar to finding the equivalent resistance in a circuit of several resistors. An arbitrary pressure difference between the inlet and outlet of the network leads to corresponding pressure differences in the network throats. These are found by a finite difference method, considering mass conservation at network pores and flow rates in throats obeying Hagen-Poiseuille law (Sutera and Skalak 1993) . According to this law, the permeability of a single tube is r 2 /8, where r is the tube radius. The network absolute permeability is then found from the boundary flow and the network dimensions; see Xiong et al. (2014) and Jivkov and Xiong (2014) for details.
However, because of the fractured nature of the studied geometry, we have not used the originally extracted network for permeability calculation. We have found that in some cases, over-segmentation happens when processing the elongated pores. In a pore network, we define the elongated void shapes when at least three serial pores are attached with junction angle greater than 150 • . In such cases, the series of pore and throats are substituted with single averaged throat that has equivalent conductivity (Fig. 5 ). This modification of the pore 
Pore Network Statistics
The image processing and morphology characterization techniques described in Sect. 2 have been applied to 52 cubic samples cropped from the 26 cylindrical samples. Cropped images are 400 by 400 by 400 voxels with a resolution of 2 µm per voxel. To estimate whether the cubes are statistically representative volumes for the oil shale, i.e. whether they provide comparable morphological characteristics, the extracted parameters from all cubic samples are used to calculate average relative differences. Firstly, the relative difference of a given parameter between two cubes of the same cylinder is defined as the difference of its values from the two cubes, divided by their average. The average relative difference of this parameter is found as the average of the 26 relative differences. The results for all parameters investigated are presented in Table 1 . Lastly, the overall average relative difference for the 12 extracted parameters is 2.5%. This value is sufficiently small to suggest that the cubes provide statistically representative information for the whole cylinders. The largest average relative difference is found in the fracture aperture. This is expected considering the heterogeneous fabric of the fractures within the porous space. It can be observed in Fig. 4c , which shows that fractures are not ubiquitous in the medium. Three top cubic samples are selected to visualize the network extraction results. The images of these samples are taken at 390, 400, and 500 • C are shown in Fig. 6 . Only the images at these three temperatures are used for illustration. This is because the comparison of these temperatures can concisely show the process sequences. Considering the fact that critical morphological change happens between 390 and 400 • C, the pore network growth between these steps is well captured. As it can be seen, there is no substantial change in the appearance of the network between 400 and 500 • C. The only change is that the number of red colored pores with relatively larger sizes is diminished. This means that the distribution of pore size (radii) is becoming smoother. It should be noted that the color of the spheres in the extracted pore networks (Fig. 6b, d , f) indicates relative size: pure blue represents the smallest and pure red the largest pores. Most of the pores have a size between 6 and 9 µm.
The analysis of the extracted pore networks provides geometric and connectivity characteristics of individual features, such as pore and throat sizes, pore coordination numbers, fracture apertures, pore, and grain specific surfaces. We present here either integral or averaged characteristics in the manner they are required for various approaches to transport modeling. Specifically, the calculated evolution of two basic integral characteristics, porosity, and average pore coordination number, are presented in Fig. 7 . These parameters show the same trend when increasing the temperature. As it can be seen in Fig. 8 , we can plot a linear regression between porosity and average pore coordination number with a coefficient of determination higher than 0.99. The total pyrolysis time is 350 min and the corresponding temperature is depicted by color bars. Experimental results by have shown that the porosity increases more than 22% when the temperature exceeds 390 • C and that the pore space becomes increasingly interconnected after this temperature until 500 • C. Figure 8 shows that our calculation of porosity evolution is in a good agreement with the experimental results. In addition, we observe that the average coordination number is following the trend of porosity throughout the thermal history. According to Fig. 7 , the average coordination number of the pore network reaches 4 at 500 • C.
The increase of porosity is emergent from increasing pore and throat sizes. The changes of the average pore and throat radii are shown in Fig. 9 . Evidently, the average pore and throat sizes change insignificantly between 400 and 500 • C. The average pore size fluctuates around 12 µm and throat size is around 8 µm. This suggests that the pore to throat ratio remains constant around 1.5 during the pyrolysis. Further, the calculated changes in the solid and pore spaces specific surfaces (integral characteristics) are presented in Fig. 10 . These parameters are not varying noticeably between 390 and 500 • C, except for a jump at around 390 • C. The average specific surface of the pores is almost three times larger than the average specific surface of the grains. At 390 • C, the specific surface of the porous space increases to 0.3 µm −1 and after that sharply falls to 0.167 µm −1 . This behavior shows that the initial openings in the oil shale body have considerably high surface area and low volume, which taken together, signify low hydraulic conductivity prior to the critical increase in connectivity measured by the average coordination number.
The calculated changes in the average grain size and average fracture aperture are shown in Fig. 11 . Evidently, these parameters do not correlate as well as the porosity and the average Fig. 14 Relative frequency of pore sizes at three different temperatures-probability density functions of pore sizes coordination number. Although the fracture aperture is found to correlate linearly with the porosity, it is not well-correlated with average grain size. Figure 12 illustrates the suggested quadratic relationship with a coefficient of determination of 0.931 that approximates the behavior of grain size versus fracture aperture. There is an ascending trend for small apertures (start of pyrolysis), descending trend for intermediate apertures, and again ascending for large apertures (end of pyrolysis). The descending part could be explained: with advancing pyrolysis, the fractured fabric becomes dominant and limits the total volume of the granular part. Consequently, the average size of the grains decreases and it is reasonable to show a 390 Degree 400 Degree 500 Degree Fig. 16 Relative frequency of grain sizes at three different temperatures-probability density functions of grain sizes descending trend. However, a satisfying explanation for the ascending sections is still being sought.
In addition to the important characteristics presented so far, we have calculated statistical characteristics pertinent to a number of advanced pore network modeling approaches. These are the pore coordination distribution or spectrum (frequencies of pores with different coordination numbers), and the pore, throat, and grain size distributions (probability density functions). For clarity, they are plotted only for three representative temperatures: 390, 400 and 500 • C. Figure 13 shows the pore coordination spectrum. It can be seen that at 390 • C, 50% of the pores are isolated and the distribution curve is monotonically descending. After criticality, at 400 and 500 • C, the fraction of isolated pores reduces to 10% and below, accompanied by an increase of pores with larger coordination numbers. This is driven by the increasingly fractured fabric of the rock, providing a new connection between the pores. With increasing temperature, rocks become more homogenous leading to the observable smoothing of the distribution between 400 and 500 • C. Similar observation is made for the pore and throat size distributions, shown in Figs. 14 and 15, respectively. The peak of the distributions for pore and throat sizes is about 6 µm. The grain size distribution, shown in Correlation between absolute permeability and average pore size of the pore network a trend different from pores and throats. The peak of the grain size distribution is gradually moving to smaller sizes, indicating an overall reduction of the grains size, which is expected considering the increment of porosity. It should be noted that in the last three figures, pores, throats, and grains with a radius smaller than 3 voxels have been disregarded. This threshold is a noise reduction strategy, which improves the results of pore network extraction (Rabbani et al. 2014b ).
Network Absolute Permeability
In this study, we have calculated the absolute permeability of the modified pore networks in three directions for all samples. Figure 17 shows the pressure distribution at steady state for the samples at 400 and 500 • C. It can be observed that fractured fabric is preferably oriented in the X direction, which corroborates the result of higher permeability in this direction presented shortly. Figure 18 illustrates the permeability changes during the pyrolysis time. Although permeability itself is not isotropic, the permeability changes with time in different directions follow correlated trends. This suggests that permeability increment in one direction increases the permeability of the other directions during pyrolysis, potentially due to relatively homogeneous increase of connectivity and pore sizes. It can be seen that during the first 150 min (prior to 400 • C), permeability is zero due to insufficient pore connectivity.
Step changes in permeability occur before 390 and 450 • C. Also, a slight reduction in permeability is observed before 500 • C. In order to understand better the significance of connectivity and size changes during pyrolysis for the permeability evolution, we have plotted the relation between absolute permeability and average coordination number (as an average measure of connectivity) in Fig. 19 , and the relation between absolute permeability and average pore size (as an average measure of length) in Fig. 20 . Apparently, the permeability is directly proportional to connectivity relation in the interval examined, as shown by the linear relation with a coefficient of determination 0.92. Similar proportionality is observed between permeability and average pore size, albeit with a coefficient of determination 0.74. In order to statistically measure the dependency of the permeability to the morphological parameters, we have done a multiple regression analysis. T statistics is a measure of how precise regression coefficients are estimated and it is equal to the regression coefficients divided by corresponded standard errors. Also, correlation coef- ficient demonstrates how two parameters are tied to each other. Table 2 shows t statistics, regression and correlation coefficients between the extracted morphological parameters and averaged absolute permeability. Average coordination number has greater correlation coefficient and t statistics compared to Average pore size. Consequently, it can be concluded that the permeability of this shale sample is mainly correlated to the pore connectivity rather than pore sizes.
Conclusions
The work quantified changes of essential morphological and statistical characteristics of oil shale undergoing pyrolysis, using sequential micro-CT images as basis for analysis. The quantification was performed on sub-volumes of imaged samples for computational efficiency using pore network extraction by watershed segmentation algorithm, followed by automated procedures for size and connectivity calculations. The following conclusions can be drawn based on the findings of this paper:
• The selected cubic samples can adequately represent the morphological features of the whole cylindrical samples with an average relative difference of about 2.5%.
• Average pore and throat sizes, average pore coordination number, porosity, and average fracture aperture increase during the pyrolysis process. The increases of these parameters appear to linearly correlate.
• Specific surfaces of the porous and granular spaces of the shale rock do not change noticeably once the first series of pores are created within the medium.
• Distributions of pore and throat sizes and coordination spectrum become smoother as the pyrolysis process proceeds.
• The average pore to throat ratio remains constant around 1.5 during the pyrolysis process.
• The absolute permeability of the studied shale sample varies in different directions with a synchronized trend. Although permeability itself is not isotropic, permeability changes versus time are isotropic in the principle directions (X, Y, and Z).
• Absolute permeability of the studied shale sample is statistically more correlated with pore connectivity rather than the average pore size.
The results presented here provide critical information for existing and future modeling approaches for transport in porous media.
